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The Very-High-Energy Gamma-Ray Sky Ny (¢ - EAU
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e A wide variety of astrophysical
objects make VHE gamma-rays
(>20 GeV), i.e. AGN, SNR/PWN,
Pulsars, Stellar Clusters, GRBs.

e In order to fully understand/model
them, need multi-messenger data
as well as data over as much of
EM spectrum as possible.

e Two complementary techniques in
the TeV range, WCDs and IACTs
(focus on IACTs for remainder of
this talk).

e Three current generation IACT
instruments: H.E.S.S., MAGIC and
VERITAS. One next generation
observatory in pre-production
phase: CTA.

Image Credit: H.E.S.S. Collaboration,
https://arxiv.org/abs/1804.02432
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The Cherenkov Telescope Array (CTA) NS GO EAU
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e CTAis the next-generation
gamma-ray observatory, major
multinational effort.

e CTA will consist of IACTs of three
classes on two sites designated
small, medium and large sized
telescopes. These will cover the
energy range from ~20 GeV to
>300 TeV.

e Aim for significantly improved
energy sensitivity relative to
current generation.

e More sensitive cameras with a
higher trigger rate, new analysis
methods needed.

Image Credit: Gabriel Pérez Diaz, IAC /
Marc-André Besel, CTAO
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The Imaging Atmospheric Cherenkov Telescope
(IACT) Technique

: BE e |ACTs detect VHE gamma-rays by
s e 3 observing the Cherenkov light
produced when they interact with
Eloctomagnatic caicade Earth’s atmosphere.
e Repeated pair production/
gamma-ray bremsstrahlung ->
particle cascade/EAS.

e Three tasks required for
astronomy: Background
Rejection (as charged cosmic rays
outnumber gamma-rays by a factor
1075), Directional
Reconstruction and Energy
Reconstruction. Muon
Identification and Muon
Reconstruction needed for
calibration.

10 nanosecond snapshot .

e For|ACTs in the CTA energy range

stereoscopy always wins.
Image Credit: CTA Collaboration

0.1 km? “light pool”, a few photons per m?.
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| e Historically, Hillas parameterisation

I A formed the basis of event

e /a classification and reconstruction for
- ALPVA‘\" o ‘ e These are second moments of

L 4 “l | \})\“\0 . . . . .

7 OISTRY) camera intensity distributions that

“ : are then intensity weighted for

% / .

2 " Source Position stereoscopic use.

e BDT/RFs at least partially trained
on simulations using these
parameters are used to
classify/reconstruct real events and
detect sources.

e An alternative is template-fitting
methods (ImMPACT/Model++ used
by H.E.S.S.); these are sensitive
but slow and require large libraries
of simulated templates.
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Image Credit: Cameras: A. Lopez-Aramas
/ MAGIC, Showers: F. Schnapp and J.
Knapp (Corsika). Lower: D. Parsons
(ImPACT)
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Hybrid CNN-RNN Techniques
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Image Credit: CTLearn project/ Shilon et
al 2018
(https://arxiv.org/pdf/1803.10698.pdf)
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CNN-based methods are an
obvious avenue of investigation for
IACT event classification and
reconstruction as they can process
whole IACT images at high
speed.

CNNs first proposed for muon
tagging in Feng et al (2016) on
VERITAS; subsequent H.E.S.S.
paper (Shilon et al. 2019) showed
detection of the Blazar
PKS-2155-304 using a hybrid
CNN-RNN technique to handle
stereoscopic images.

Image resampling onto square grid
required.
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CTA Simulation Studies - Spencer et al. (2021)
(https://arxiv.org/abs/2103.06054)
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e There have been a large number
of subsequent simulation studies
for CTA (given little CTA prototype
data available yet and no official
benchmarked analysis chain).

e Astudy led by myself at Oxford
investigated the potential for using
photomultiplier waveform data as
an extension to the Shilon et al.
method. As photon arrival times at
the camera are a function of the
altitude of emission and shower
impact distance this information
could help with event
classification..

e Parameterised waveform data not
more useful than time of maximum
-> electron event rejection also not
feasible.

Image Credit: CTLearn project.
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CTA Simulation Studies - Miener, Spencer et al.
2021 (https://axiv.org/abs/2109.05809)

~_Minimal Flux Needed for 50 Detection in 50 hours

+ M6C5 (no LSTs) =
=108
—— 4LSTs-LSTCam ©
— — F o
ol 10-11 13MSTs-NectarCam & 105
ola 40SSTs-CHEC s
z §10°
= )
= (9]
7] = . 103
o 7 e
L% 10—12 - —— — i w =5
X 1071 10° 10! 102
[ A L] Etrue[TeV]
TLI e —
= = — T O ROC curves
-13 —— 4 L
10 —— 208 [
1071 10° 10t 102 9 0.6
EI’ECO[TeV] %
o 8-0-4
g4 S g —— 4LSTs-LSTCam, AUC=0.980
23 == =0.2 —— 13MSTs-NectarCam, AUC=0.994
:§ % . —= | 00— — ) 405STs-CHEC, AUC=0.996
3 1071 10° 10! 102 0'(?).O 0.2 0.4 0.6 0.8 1.0
ErecolTeV] False positive rate
— 0.4 0.4
(o] —
s 2
_5 0.3 .S 0.3
> E|
502 502
£ P il
— 11 (@]
£0.1 = =0.1 J_Z__Z_
3 — £ nimimaiii
b 11
<
107! 10° 10! 102 10t 10° 10! 102
Erecol TeV] ErecolTeV]

\] t ;
QQQ &nkovgescope amy ‘}\>“.~
H.E.S.SN L—/ -

Image Credit: CTLearn project.
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Work led by T. Miener (UCM). Full
Shilon-type event reconstruction
with CRNN type methods on CTA
scales (~70 IACTs) is now
possible.

Also shows significant progress on
pipeline development for CTA.

Hybrid Resnet-Attention
mechanism used here.

Some issues remaining even on
simulations; heterogeneous
reconstruction, reliable directional
reconstruction.
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Issues beyond bright source detection: The ‘real

data’ problem (Monte-Carlo mismatch).
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Analysis | Non | Norf | NE | y rate [/min] | bkg rate [/min] | Sen. [% Crab] | Sig. (Li&Ma) |
MARS - ME 819 21.0+2.6 798.0+28.7 | 454 +0.16 | 0.119 +0.015 0.70 £ 0.05 43.00
CTLearn — ME (raw) 629 23.3 +3.1 605.7+253 | 345+0.14 | 0.133 +0.018 0.97 +0.08 36.50
CTLearn — ME (cleaned) | 844 22.0+2.7 822.0+29.2 | 468 +0.17 | 0.125+0.015 0.69 + 0.05 43.60
MARS - LE 3579 | 679.0 = 15.0 | 2900.0 £ 61.7 | 16.49 +0.35 | 3.861 = 0.086 1.09 +0.03 6l.10
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Image Credits:Parsons et al.

(https://arxiv.org/pdf/1910.09435.pdf),
Spencer PhD Thesis

(https://ora.ox.ac.uk/objects/uuid:dd29d69
1-98d4-45da-8565-fe0025111080), Miener
et al. (https://arxiv.org/pdf/2112.01828.pdf)
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However, even on simulations, it
appears CNN-type methods have
a nasty dependence on Night Sky
Background (NSB).

Even on bright sources, CNN-type
methods struggle to outperform
standard analysis on real data in a
statistically significant way. There
are studies now by all IACT arrays
that confirm this. NSB is a likely
culprit.

Some evidence that re-scaling
pixel values based on NSB might
help (see Vuillaume et al.
https://arxiv.org/pdf/2108.04130.pd
f).
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NSB Studies (Spencer et al. Gamma 2022)

Allskymaps for 2022/2/7 04:54:00
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Standard CTA simulation packages
don’t simulate NSB realistically.

Current simulation packages like
sim_telarray used by H.E.S.S.
have limited functionality to
realistically simulate NSB (for
entirely valid reasons of
computational efficiency).

Question as to how to do this; we
expanded on a tool used by
H.E.S.S. to make realistic NSB
maps using a combination of a
semi-analytic moonlight brightness
model and gaia data.

So far, used to test SSTCAM
electronic performance, but in
principle can be used to augment
training data.
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Optimisation Also Very Important

Block Layer Parameter Potential Values Optimal Value Attempt C
Block 1 ConvLSTM2D Number of Filters Choice(10,20.30.40,50.,60) 10
Kernel Size Choice((2,2),(3, 3),(4:4),(5,5).(6.6),(7.7)) (44)
Kernel L2 Regularizer Rate Uniform(0,1) 0.366
Dropout Rate Uniform(0,1) 0414
Recurrent Dropout Rate Uniform(0,1) 0.107
Block 2 ConvL.STMZD Number of Filters 2 10
Kernel Si 2.2)
Kernel L2 Regularizer Rate (i 0.167
Dropout Rate Uniform(0,1) 0.863
Recurrent Dropout Rate Uniform(0,1) 0.321
Block 3 ConvLSTMZD Number of Filters Choice(10,20,30,40,50,60) 10
Kernel Size Choice((2,2),(3, 3),(4:4),(5,5),(6.6),(7.7)) 22
Kernel L2 Regularizer Rate Uniform(0,1) 0.219
Dropout Rate Uniform(0,1) 0.287
Recurrent Dropout Rate Uniform(0,1) 0.697
Block 4 ConvLSTM2D Number of Filters Choice(10,20.30.40,50.,60) 30
Kernel Size Choice((2,2),(3, 3),(4:4),(5,5).(6,6),(7.7)) (33)
Dropout Rate Uniform(0,1) 0.483
Block 5 Tnclude Block Choice(Yes, No) Yes
ConvLSTM2D Number of Filters Choice(10,20,30,40,50,60) 30
Kernel Size Choice((2,2),(3, 3),(4:4),(5,5),(6,6),(7.7)) (3,3)
Dropout Rate Uniform(0,1) 0.020
Block 6 Tnclude Block Choice(Yes, No) Yes
ConvLSTM2D Number of Filters Choice(10,20,30,40,50,60) 30
Kernel Size Choice((2,2),(3, 3),(4.4),(5,5),(6,6),(7.7)) (3,3)
Dropout Rate Uniform(0,1) 0.553
Block 5 GlobalAveragePooling3D B - -
Block 6 Tnclude Block Choice(Yes, No) Yes
Dense Number of Units Choice(10,50,100,200) 10
Dropout Rate Uniform(0,1) 0.190
Block 7 Tnclude Block Choice(Yes, No) Yos
Dense Number of Units Choice(10,50,100,200) 200
Dropout Rate Uniform(0,1) 0.743
Block 8 Tnclude Block Choice(Yes, No) Yes
Dense Number of Units Choice(10,50,100,200) 200
Dropout Rate Uniform(0,1) 0.107
Block 9 Dense = =

Binary Accuracy

Diffuse Training Optimisation
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Image Credit: VERITAS/ Spencer Thesis.
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Hyperparameter optimisation also
seems to have a significant effect
on real data performance (can
double real data significance).

Interplay between
hyperparameters and learned
features not well understood,
especially for multiple classes of
IACTs operating in multiple energy
ranges.

However very costly to investigate
using Bayesian optimisation.
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Conclusions

Deep learning is a promising new analysis method for IACTs.

Many studies ongoing with multiple experiments, particularly in H.E.S.S. (graph networks for event
classification, muon tagging using unsupervised visual similarity clustering).

But many things not understood about application of these methods to real data and the systematic
effects.

Optimisation and night sky background appear to be important factors that warrant further investigation.
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